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Summary  Texture  refers  to  visual  patterns  or  spatial  arrangement  of  pixels.  Texture  analysis
is one  of  the  features  in  image  processing  that  is  used  to  analyze  the  images  captured  by  the
imaging devices  on  human  skin.  Skin  texture  analysis  plays  a  vital  role  in  assessing  the  skin
health and  in  the  diagnosis  of  skin  disorders  such  as  allergic  skin  disorders,  viral  skin  disease,
bacterial  skin  diseases  and  fungal  skin  diseases.  Texture  analysis  is  carried  out  by  one  of  the
methods  namely,  structural,  statistical,  model  based,  transform  based  techniques.  Statistical
texture analysis  depends  mainly  on  feature  extraction  which  may  be  done  using  GLCM  (grey  level
co-occurrence  matrix)  and  WDM  (wavelength  division  multiplexing)  techniques.  The  extracted
features are  used  to  classify  texture.  In  this  paper  a  study  of  skin  texture  analysis  is  carried
out by  comparing  GLCM  features  and  pixel  intensity  matrix  parameters  by  experimenting  with
cheek and  dorsal  skin  samples.  The  results  obtained  show  that  pixel  intensity  matrix  parameters
are more  helpful  than  GLCM  for  analyzing  the  texture  of  skin.
© 2016  Published  by  Elsevier  GmbH.  This  is  an  open  access  article  under  the  CC  BY-NC-ND  license
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Introduction
Skin  it  is  of  the  largest  organ  of  human  body  which  is  con-
sisting  of  different  skin  colour  tone.  Skin  texture  analysis
plays  a  vital  role  in  assessing  the  skin  health  and  to  diag-
nosis  of  skin  disorders.  Shimizu  et  al.  (2015)  proposed  a
new  computer-aided  method  for  the  skin  lesion  classiﬁca-
tion  applicable  to  both  melanocytic  skin  lesions  (MSLs)  and
 This article belongs to the special issue on Engineering and Mate-
rial Sciences.
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onmelanocytic  skin  lesions  (NoMSLs).  They  developed  a
ew  method  to  distinguish  among  melanomas,  nevi,  BCCs,
nd  SKs.  They  calculated  828  candidate  features  grouped
nto  three  categories:  colour,  sub  region,  and  texture.  They
ntroduced  two  types  of  classiﬁcation  models:  a  layered
odel  that  uses  a  task  decomposition  strategy  and  ﬂat  mod-
ls  to  serve  as  performance  baselines.  Celebi  and  Zornberg
2014)  proposed  the  automated  quantiﬁcation  of  clinically
igniﬁcant  colours  in  dermoscopy  images.  Given  a  true-
olour  dermoscopy  image  with  N  colours,  we  ﬁrst  reduce  the
umber  of  colours  in  this  image  to  a  small  number  K,  i.e.,
 <  N,  using  the  K-means  clustering  algorithm  incorporating
 spatial  term.  The  optimal  K  value  for  the  image  is  esti-
ated  separately  using  ﬁve  commonly  used  cluster  validity
icle under the CC BY-NC-ND license (http://creativecommons.org/
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Figure  2  Cheek  images  of  three  samples  with  different
angles.
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oFigure  1  
riteria.  Ioannis  et  al.  (2015)  proposed  an  integrated  dataset
elated  to  cutaneous  melanoma  that  fuses  two  separate  sets
roviding  complementary  information,  goal  is  to  select  a
ubset  of  genes  that  comprise  candidate  genetic  biomark-
rs.  They  derived  gene  signature  and  then  utilized  in  order
o  select  imaging  features,  which  characterize  disease  at  a
acroscopic  level,  presenting  the  highest,  mutual  informa-
ion  content  to  the  selected  genes.  Lu  et  al.  (2013)  proposed
 novel  computer-aided  technique  for  segmentation  of  the
elanocytes  in  the  skin  histopathological  images.  In  order
o  reduce  the  local  intensity  variant,  a  mean-shift  algorithm
s  applied  for  the  initial  segmentation  of  the  image.  A  local
egion  recursive  segmentation  algorithm  was  proposed  to
lter  out  the  candidate  nuclei  regions  based  on  the  domain
rior  knowledge.  Texture  analysis  is  one  of  the  feature  in
mage  processing  used  to  analyze  the  images  that  captured
y  the  imaging  devices  on  human  skin.  Skin  texture  analy-
is  is  one  of  the  challenging  issues  in  the  ﬁeld  of  medical
iagnosis.  The  skin  texture  is  the  appearance  of  the  skin
mooth  surface.  This  paper  proposes  a  novel  method  for
kin  texture  analysis  using  pixel  intensity  matrix  parame-
ers  and  GLCM.  Here  the  texture  variation  of  the  cheek  and
orsal  skin  is  taken  for  experimentation  and  the  proposed
ethod  not  only  attempts  to  develop  a  particular  method
o  give  a  texture  pattern  identiﬁcation  of  skin  by  using  the
LCM  and  pixel  intensity  matrix  parameters,  but  also  com-
ares  the  performance  of  GLCM  and  pixel  intensity  matrix
n  statistical  evaluation  of  skin  texture  analysis.
ethodology
n  the  proposed  method  as  shown  in  the  Fig.  1,  the  acquired
mages  undergo  a  pre-processing  stage  which  is  of  two  folds
amely  Contrast  stretching  for  image  enhancement  and  ﬁl-
ering  the  noise  by  low  pass  ﬁlter.  Region  of  interest  is  then
elected  which  is  a  RGB  image  which  is  subsequently  con-
erted  into  grey  image.  The  ROI  must  have  at  least  600—800
ixels  to  get  reliable  results.  The  pixel  intensity  matrix  of
he  grey  image  is  then  found  and  from  which  the  features
amely  covariance,  standard  deviation,  energy,  and  homo-
eneity  are  extracted.  GLCM  of  the  grey  image  is  also  found.
he  features  are  found  using  the  formulae:
ovariance  :  C(x,  y)  =  E[{x  −  E[x]}  −  {y  −  E[y]}],
here  x  =  row  intensity  value;  y  =  column  intensity  value;
 =  mathematical  expectation.tandard  deviation  :  S  =
√√√√ 1
n  −  1
n∑
i=1
(x  −  x)2,
o
e
i
aigure  3  Hand  images  of  three  samples  with  two  different
ngles.
here  n  =  total  number  of  pixels  in  the  selected  region.
omogenity  =
∑
ij
p(i,  j)
1  +  |i  −  j| ,
here  p(i,j)  is  the  (i,j)th  entry  in  a  grey-tone  spatial  depend-
nce.
atrix  energy =
∑
ij
p(i,  j)2,
here  p(i,j)  is  the  (i,j)th  entry  in  a  grey-tone  spatial  depend-
nce  matrix.
esults
ig.  2  shows  the  sample  images  of  cheek  in  two  different
ngles  and  Fig.  3  shows  the  sample  images  of  dorsal  skin
n  two  different  angles.  Table  1  shows  the  pixel  intensity
atrix  parameter  values,  whereas  Table  2  shows  the  GLCM
alues.
iscussion
hree  sets  of  cheek  and  hand  samples  are  taken  for  experi-
entation  and  imaged  at  two  different  angles.  The  imaging
evice  is  an  8  Mega  Pixel  camera,  with  a  resolution  of
920  ×  2560,  exposure  time  1/10th  of  a  second.  A region
f  interest  is  identiﬁed  in  each  sample  and  for  this  region
f  interest,  pixel  intensity  matrix  and  GLCM  are  found  to
xtract  the  texture  features.  The  tabulated  results  of  pixel
ntensity  matrix  parameters  show  that  the  values  of  covari-
nce  and  standard  deviation  of  all  the  cheek  sample  images
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Table  1  Pixel  intensity  matrix  parameters  values.
Images  Parameters  Cheek  (angle  1)  Hand  (angle  1)  Cheek  (angle  2)  Hand  (angle  2)
Sample
1
Covariance  82.3133  128.468  72.136  363.357
Standard deviation  9.0727  11.3342  8.4993  19.0619
Homogeneity  0.9445  0.9144  0.8690  0.8291
Energy 0.5877  0.5417  0.3302  0.2601
Sample
2
Covariance  221.714  235.378  50.7756  94.129
Standard deviation  14.8901  15.3420  6.0643  9.7020
Homogeneity  0.9700  0.9493  0.9804  0.9426
Energy 0.5925 0.5018 0.7092 0.4297
Sample
3
Covariance  272.268 821.623 182.163 572.399
Standard  deviation 16.5004 35.3871 13.678 23.9249
Homogeneity  0.9012  0.8789  0.9090  0.7945
Energy 0.3941  0.1631  0.5788  0.1415
Table  2  GLCM  matrix  parameters  values.
Images  Parameters  Cheek  (angle  1)  Hand  (angle  1)  Cheek  (angle  2)  Hand  (angle  2)
Sample
1
Contrast  0.2745  0.1674  0.1795  0.1061
Correlation  0.4127  0.4504  0.4345  0.8553
Homogeneity  0.8630  0.9115  0.9453  0.9120
Energy 0.3352  0.5932  0.7177  0.2460
Sample
2
Contrast 0.0537  0.1085  0.0030  0.0865
Correlation  0.9299  0.6140  0.6584  0.6245
Homogeneity  0.9137  0.9485  0.9985  0.9568
Energy 0.4192  0.6606  0.9929  0.7115
Sample
3
Contrast 0.1928  0.4027  0.1727  0.2511
Correlation  0.7128  0.7706  0.5584  0.8776
Homogeneity  0.9036  0.8128  0.9129  0.8751
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taken  at  angle  1 are  smaller  than  that  of  the  hand  sam-
ples  whereas  energy  and  homogeneity  of  cheek  samples  are
higher  than  that  of  all  the  hand  samples.  All  the  cheek  sam-
ples  even  at  angle  2  show  the  same  trend  that  is  covariance,
standard  deviation  values  of  all  cheek  samples  are  lower
than  that  of  hand  samples  whereas  energy  and  homogene-
ity  of  cheek  samples  are  higher  than  that  of  all  the  hand
samples.  From  these  results  we  understand  that  the  cheek
skin  is  more  homogeneous  with  higher  energy  level  than  the
dorsal  skin.
The  tabulated  results  of  GLCM  show  that  the  values  of
cheek  and  hand  are  not  of  any  exact  pattern,  i.e.,  the  con-
trast  of  cheek  at  angle  1  is  decreasing  than  the  hand  at
angle  1  in  sample  1  image  but  contrast  of  cheek  at  angle
1  is  increasing  than  hand  at  angle  1  in  sample  2  and  sam-
ple  3.  All  the  cheek  samples  even  at  angle  2  show  the  same
trend,  that  is  the  contrast  of  cheek  at  angle  2  is  decreasing
than  the  hand  at  angle  2  in  sample  1  image  but  contrast  of
cheek  at  angle  1  is  increasing  than  hand  at  angle  1 in  sample
2  and  sample  3.  The  correlation  of  the  cheek  at  angle  1  is
increasing  than  the  hand  at  angle  1  in  sample  1  and  sample
3  images  but  correlation  of  cheek  at  angle  1  is  decreasing
than  hand  at  angle  1  in  sample  2  image.  The  correlation  of
the  cheek  at  angle  2  is  increasing  than  the  hand  at  angle  2
T
c
o413  0.5547  0.1608
n  sample  1  and  sample  3  images  but  correlation  of  cheek
t  angle  1  is  decreasing  than  hand  at  angle  2  in  sample  2
mage.  Homogeneity  of  the  cheek  at  angle  1  is  increasing
han  the  hand  at  angle  1  in  sample  1  and  sample  3  images
ut  homogeneity  of  cheek  at  angle  1  is  decreasing  than  hand
t  angle  1  in  sample  2  image.
The  tabulated  results  of  GLCM  show  that  the  values  of
omogeneity  of  all  the  cheek  sample  images  taken  at  angle
 are  smaller  than  that  of  the  hand  samples  whereas  the
nergy  of  cheek  samples  are  higher  than  that  of  all  the  hand
amples  in  sample  1  and  sample  2  images  at  angle  1  but  the
nergy  of  cheek  sample  is  smaller  than  that  of  the  hand  sam-
les  in  sample  3.  The  tabulated  results  of  GLCM  show  that
he  values  of  energy  of  all  the  cheek  sample  images  taken
t  angle  2  are  smaller  than  that  of  the  hand  samples.  Hence
he  pixel  intensity  matrix  performs  better  in  understanding
he  skin  texture  pattern  compared  to  GLCM.
onclusionhe  proposed  method  is  tested  with  a  set  of  three  samples  of
heek  and  hand  images  in  two  different  angles.  The  results
btained  show  that  the  pixel  intensity  matrix  performs
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etter  in  understanding  the  skin  texture  pattern  compared
o  GLCM.  However  more  samples  of  skin  from  different  loca-
ions  are  to  be  tested  to  know  about  the  accuracy  of  the
roposed  method.
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